The increasing popularity of smartphones and position tracking devices fostered the interest on human trajectory data analysis, and enabled the collection of large amounts of movement data. However, there are still several open challenges regarding the visual and interactive analysis of these data, as more people, often non-experienced, start using these methods. This paper presents a comparative study between two common visualization techniques for trajectory data analysis, namely a space-time cube and a static map, taking into consideration high-level visualization and analysis tasks. The results obtained with two similar prototypes support the adequacy of both methods for simple analysis tasks, and reveal that static maps are more adequate for locate tasks, while space-time cubes provide a better support for association tasks.
INTRODUCTION
Human trajectory data have become the focus of several geographic information systems (GIS). The increasing popularity of smartphones and tracking devices fostered cellphone operators, transportation services, and even non-experienced people to record, actively or passively, their movements, or those of their users, in the form of human spatial trajectories (Lee and Krumm 2011) .
A spatial trajectory consists of the evolution of an object's position through time, and it is often represented as a time-stamped sequence of location points. In addition, other types of information, i.e., thematic attributes, may be derived or associated to these data, and may represent, among others, the transportation mode associated with parts of the trajectory, or the object's speed. Consequently, the understanding of space, time, and thematic attributes plays an important role when analysing trajectories (Andrienko et al. 2010 ).
To support the extraction of relevant knowledge from human trajectory data, the area of visual analytics proposes the combination of the computer's ability for processing data with human analytic abilities. This should give the user control over the analysis, while reducing the cognitive workload needed to interact with the data (Andrienko et al. 2010) . Consequently, in addition to efficient data processing algorithms, it is fundamental to provide adequate visualization techniques. Trajectory visualizations are often based on thematic mapping techniques, and may be grouped into four main groups, namely: static-maps; space-time cubes; animated maps; and small multiple maps (Kjellin et al. 2010; Kraak and Ormeling 2010) . However, despite the increasing number of visualization systems, the study of their usability has been somewhat neglected (Chen 2005) , which emphasizes the lack of empirical data to support the choice of particular visualizations for the completion of different tasks.
In this paper, we present a first step within a research project that aims to assess the usability of interactive visualization techniques for human trajectory data. We describe a comparative study between two applications using traditional techniques for trajectory data visualization, namely static maps and spacetime cubes. With this study, we aim to: (i) validate the usability of the developed prototypes, (ii) detect possible interaction barriers with these techniques, and (iii) obtain baseline results for further comparisons within the scope of future studies.
First, the paper outlines important concepts and related work. Then, it follows with the presentation of the considered prototypes, and with their assessment through a user study. The paper finishes with some conclusions and with a description of the main challenges for future work.
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HUMAN TRAJECTORY DATA VISUALIZATION
When developing a visualization technique, it is important to consider the types of operations that a user might need, in order to perform a certain task (Koua et al. 2006) . In particular, with trajectory data, it is important to take into account the effects of the spatial, temporal, and thematic properties of the data, over those operations. Andrienko et al. (2003) stated that spatio-temporal data involves three main aspects: space (where?), time (when?), and attributes (what?). Through the combination of these components with two data search levels (i.e., elementary and general), it is possible to devise four types of analytic queries, including: (i) elementary what+where and when, to describe characteristics of an object at a given time; (ii) elementary what+where and general when, to describe the dynamics of the characteristics of one or more objects at a certain location over time; (iii) general what+where and elementary when, to describe the situation at a given time moment; and (iv) general what+where and when, to describe the evolution of the overall situation over time.
Classifications for the types of operations are oftenly based on properties of the data itself (Amar et al. 2005) . Nevertheless, previous studies have also proposed complex taxonomies of systems and userbased tasks. Among others, the most representative lists (Wehrend and Lewis 1990; Knapp 1995; Koua et al. 2006 ) include tasks such as: (i) identify, to describe properties from unknown objects; (ii) locate, to detect the position of objects; (iii) compare, to measure differences, and orders; and (iv) associate, to establish a link or a relation between the data. These can be used to describe the objects' spatiotemporal and/or thematic properties, alongside the relations between them.
Moreover, to support knowledge extraction, it is crucial that the data is properly displayed in the visualization. Among the most common approaches for trajectory visualization are 2D static maps and 3D space-time cubes. Static maps are one of the most common techniques used to represent georeferenced information. Typically, points and line symbols are used over a map view to represent the evolution of an object's position through time, while other symbols may represent other types of thematic information (e.g., we can use different shapes to illustrate categories of events, or symbol sizes to represent numeric values (Kraak and Ormeling 2010) ). However, static maps need other graphical elements to represent temporal information. The space-time cube minimizes this limitation by representing both spatial and temporal information within a three-dimensional cube, where the x − y axes represent spatial information (e.g., map coordinates), while the z-axis represents time. Typically, time increases along the z-axis, implying that the higher the information is within the cube, the most recent it is (Kjellin et al. 2010 ). Nonetheless, due to its 3D properties, space-time cubes are often affected by human perceptual issues, and become unsatisfactory with a large number of trajectories (≥ 10), given the overcluttering of trajectory lines. Therefore, interactive techniques that allow one to filter the data, or to change the point of view within the space-time cube, are advised (Kjellin et al. 2010 ).
Previous studies have already attempted to compare these two techniques. From previous works focused on the comparison of space-time cubes and static maps, Kristensson et al. (2009) and Kjellin et al. (2010) suggested that static maps are more adequate to help answering elementary questions and when metric properties are involved, while space-time cubes are beneficial for answering general questions and when dealing with ordinal information. On the other hand, Seipel (2013) stated that users have a similar performance using static maps and space-time cubes with a weak threedimensional perspective. Nevertheless, it is crucial to conduct adequate usability evaluations of the current visualization techniques (Chen 2005) , as most studies (when conducted at all) still tend to be: (i) too focused on the systems tested, thus, ignoring higher level operations, (ii) limited to case studies, and/or (iii) only focused on expert users of the systems. This, in turn, emphasizes the lack of empirical data to support the existing knowledge (Andrienko et al. 2010) , and neglects potential users, as we often have that non-experienced users have to deal with spatio-temporal data analysis issues. Therefore, it is fundamental to understand the differences between these techniques, taking into account the types of operations associated with the visualization of trajectory data, and the diverse types of users.
In previous work (Gonçalves et al. 2013) , we studied the effectiveness of combining static maps and space-time cubes for the visualization of human trajectory data, by non-expert users. Despite the positive results, we concluded that it was necessary to conduct further comparative studies between the two techniques. This study aims to continue this line of work by comparing static maps and spacetime cubes, in isolation, taking into account different visualization and spatio-temporal analysis tasks. Figure 1 depicts the interface components of the two prototypes used in our study. Both applications are divided into three main sections: a control panel, To support the acquisition of relevant results, it is fundamental to assure that two informationally equivalent visualizations are used (i.e., it is possible to extract the same information from both visualizations). Therefore, the most significant differences between the two prototypes are related to the visualization techniques that are used.
VISUALIZATION PROTOTYPES
The control panel (Figure 1a ) allows filtering the data according to various temporal and thematic properties before visualizing it, including the start and end dates (and/or hours) of search, the targets' speed, or the transportation mode. In addition, it is possible to obtain the estimated stop locations in each trajectory, based on the total time spent by a person around a certain area. It is also possible to select the representation of different types of thematic data. In particular, the colour associated to the trajectories may represent their identification, the time periods of the day users were moving, the speed, and the mode of transportation.
Depending on the prototype, the visualization section contains either a space-time cube or a twodimensional static map (Figures 1b and 1c) . In both cases, trajectories are represented with points connected with lines, coloured according to the attribute selected in the control panel section. Each attribute is represented with a different set of colours, emphasizing differences in categories (e.g., transportation mode), or an order between values (e.g., targets' speed). Additionally, stop locations are represented with squares, where their size represents the number of times the location was visited (i.e., the more visited, the larger the symbol).
To assure that our study focused on two informationally equivalent visualizations, and considering the lack of temporal information within static maps, when compared with space-time cubes, we decided to emphasize that dimension of the data. As such, both visualizations contain a time-line representing the targets' activity through time (Figure 1d ). This feature represents each target with a dashed line, where the line gaps represent inactive periods of time, i.e., when no movement was detected.
Both map visualizations provide interaction techniques based on panning and zooming. The spacetime cube also supports the adjustment of the rotation and height of the cube, which changes, respectively, its point of view and the scale of its temporal representation. Moreover, the selection of a trajectory point or a stop location updates the control panel section with the information associated to that point (i.e., where and when the point was detected, alongside the values for its thematic attributes).
USER STUDY
This section describes the comparative user study conducted with the previously described prototypes. In this experiment we aimed at: (i) validating the usability of the proposed visualization and interaction techniques; (ii) assessing the users' experience with the techniques, in particular, with the space-time cube; and (iii) obtaining some baseline knowledge from the assessment of these techniques. The remaining sections will refer to space-time cubes as STC and two-dimensional static maps as 2D maps.
Based on the features of each interface, our hypotheses were the following: (H1) participants will prefer the 2D map visualization, due to the high probability of them being most familiarized with this technique; (H2) for the same reason, and considering the limitations in human perception of 3D graphics, the 2D map visualization will be more effective; and (H3) elementary tasks will have a better performance, i.e., tasks that focus in just one user or just one time moment, due to the smaller number of points/lines displayed, will be easier to solve.
A total of 16 participants volunteered to the study, aged between 19 and 47 (Av: 23.13, SD: 7.7). Four participants were PhD students, while the others were undergraduate students in computer science. Still, despite their expertise with computer applications, and despite their familiarity with GIS for the search of directions towards specific points of interest (e.g, Google Maps/Earth), none of them were familiar with trajectory data analysis.
Tasks
To test our hypotheses, the participants performed four tasks with the two prototypes. These tasks are based on the most common types of visualization operations described in the literature (Knapp 1995). In the first task, locate, the participants were asked to point out the location of one or several locations, using the visualization (e.g., which areas had more than one person at 26th April 2008?). The second task, identify, required the description of one or more characteristics of the data (e.g., which transportation modes were used to leave a given region?). The third task, compare, required the assessment of the differences between objects (e.g., which user was the fastest at 9am on June the 1st 2008?). The fourth task, associate, required the description of possible movement patterns (e.g., did user 1 move regularly in the same areas?).
Experimental Design
We considered two independent variables: Visualization technique (Vt), with two levels, 2D map and STC; and Query Category (Qc), with four levels, corresponding to the spatio-temporal data queries identified by Andrienko et al. (2003) , namely elementary what+where elementary when (EE), elementary what+where general when (EG), general what+where elementary when (GE), and general what+where general when (GG).
The experiment followed a within subjects design and all participants carried out each task individually, in a controlled environment. At the beginning of the study, subjects were briefed about the objectives of the experiment, and they viewed a demonstration of the interfaces. Before carrying out the tasks, they were asked to interact with the applications, and encouraged to clarify any doubts. After the training phase, the participants performed the various tasks (locate, identify, compare, and associate). To mitigate sequence effects, the order in which the independent variables were presented was counterbalanced using a latin-square design. However, since comparison and association tasks require more than one data item (either from the same, or different trajectories), the level elementary what+where elementary when (Qc(EE)) was not considered for these tasks. Consequently, each participant performed a total of 28 trials: (2 Vt) x (4 locate + 4 identify + 3 compare + 3 associate).
To assess our hypotheses, the following dependent variables were considered: (i) task completion time; (ii) task accuracy (each task was rated between 0 and 10, depending on the accuracy of the information given by the participants); and (iii) subjective preferences (at the end of each task, the participants were asked to rate the ease of use of the techniques, in a 0-10 scale). Participants were also encouraged to think aloud, and share their suggestions and opinions about the techniques.
Results
This section overviews the obtained results.
Task Completion Times
For the comparative analysis of the participants' task completion times, we subjected the results to the Shapiro-Wilk test of normality. Since no data transformation could provide a normalized dataset, we decided to follow a non-parametric approach by applying the Aligned Rank Transform (ART) method, followed by a full factorial ANOVA (Wobbrock et al. 2011) . When significant effects were detected, we used the Bonferroni test for pairwise comparisons. Figure 2 shows the participants' mean completion times for all tasks, with all combinations of the two independent variables. In the locate task, the tests revealed a significant effect from Vt (F (1) = 4.991), p = 0.041) and from Qc (F (3) = 5.321), p = 0.003) on task completion times. The pairwise comparisons test revealed significant differences between the level Qc(GE) and the Qc(EE) and Qc(EG) levels (p = 0.005 and p = 0.006, respectively). A small significant interaction between Vt and Qc was also detected (F (3) = 2.811, p = 0.05). In the identify task, the tests revealed a significant effect of the Qc level on task completion time (F (3) = 10.135, p<0.001), in particular, between the level Qc(EE) with all others(p = 0.001, comparing with Qc(EG) and Qc(GE), and p = 0.01, comparing with Qc(GG)). On the contrary, no significant effects were detected on the compare and associate tasks.
Task Accuracy
We used Friedman's test, followed by a Wilcoxon Signed Rank test, for pairwise comparison, with a Bonferroni correction, to compare the participants' accuracy throughout the experiment. Table 1 shows the average score obtained by the participants in the various tasks. The tests revealed significant results in the locate and associate tasks (X 2 (7) = 56.593, p<0.001 and X 2 (5) = 29.446, p<0.001). Table 2 shows the most statistically significant differences detected (and those close to be considered as such) between the various factors, in pairwise comparisons tests.
Subjective Preferences
We applied a similar procedure to the one described above to compare the differences between the participants' opinions after each task, and at the end of the experiment. Although no significant differences were found between the participants' opinions throughout the tasks, at the end of the experiment the majority have shown a significant preference (Z = −3.384, p = 0.001) for the 2D map (Av: 8.38/10) over the STC visualization (Av: 7/10).
DISCUSSION
Despite the small number of participants, the results obtained support our hypotheses and highlight some relevant aspects regarding the considered techniques. Regardless the participants' lack of experience, all tasks were completed, in a generally small amount of time, and with a high accuracy. In addition to the positive feedback towards the prototypes and their features, these results point to the prototypes' adequacy for further comparative studies. However, despite the STC's positive results, at the end of the experiment, the majority of the participants have still shown a significant preference towards the 2D map visualization, which, in turn, supports our first hypothesis (H1: higher preference for the 2D map visualization).
On the other hand, with the exception of the Qc(EE) level, the participants were able to complete locate tasks with a higher performance using the 2D map rather than the STC visualization. Consequently, these results partially support our second hypothesis (H2: participants would be more effective with the 2D map visualization). However, contrary to our initial expectation, participants were significantly more accurate in finding relations between the data when using the STC visualization. In fact, participants have pointed out that despite their lack of experience with the STC visualization, the possibility of analysing time as a third dimension in the visualization was helpful to understand what the users have done, when, and how often they did it.
Moreover, in the locate task, the results revealed that the participants were significantly slower with the Qc(GE) level, when compared to the Qc(EE) and Qc(EG) levels. It is plausible to assume that the existence of several points representing different users spread throughout a map (GE) required more time to be analysed than just one point (EE) or a sequence of points from the same user (EG). Similarly, in the identify task, the participants were significantly faster in the Qc(EE) level, when compared with the other tasks. Although further studies are required, these results partially support our third hypothesis (H3: participants would have a better performance in elementary tasks).
Finally, the analysis of the comments from the participants, as well as their actions, suggests that 2D maps and STCs should actually be combined. This is supported by the fact that, typically during locate tasks, 8 participants tried to answer to the questions with the STC simulating a two-dimensional perspective (i.e., seeing the data from the top), and 7 others have actually resized the cube's height to its minimum, to visualize the data in a single plane. Considering the advantages of both techniques, it is plausible to assume that the combination of these two techniques could improve over the usage of 2D maps in association tasks, and of STCs in location tasks. Nevertheless, further studies must be conducted to assess these new hypotheses.
CONCLUSIONS
This paper presents a comparative study between two visualization techniques for trajectory data, namely static maps and space-time cubes, while combining general types of visualization tasks with the main categories of spatio-temporal data queries. The results suggest that both techniques are usable, even by non-expert analysts, and that users generally prefer static maps over space-time cubes. Still, while static maps support a higher effectiveness in locate tasks, space-time cubes are more adequate to help detecting relations between the data. In turn, these results support the use of these techniques in further comparative studies, and may be useful for developers and analysts to decide which technique to use on a trajectory data visualization scenario, despite the users' expertise.
Nevertheless, further studies should still be conducted. In particular, it is important to further compare visualization techniques for trajectory data, taking into account the effects of, among other factors, trajectory complexity or screen size. For future work, we also propose to study possible techniques to improve static maps and space-time cubes in associate and locate tasks, respectively, including their possible combination into the same visualization.
